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vanduynhoven@wur.nl)At the submicron scale, food biopolymer networks can be
visualized by a wide array of microscopic techniques, but
these methods are mostly invasive and require careful image
analysis in order to quantify network features. ‘Nanoparticle
diffusometry’ provides a non-invasive alternative to inferopen acquantitative submicron structural information about
biopolymer networks. In this approach, spectroscopy-based
methods are used to monitor hindered diffusion of nanopar-
ticles due to network obstructions. Both rigid-spherical and
flexible nanoparticles can be used and models are available
to derive structural network parameters. A range of applica-
tions to polysaccharide and protein sols and gels has been
described. The approach offers opportunities to assess (sub-)
micron scale network heterogeneity and changes in sub-
micron structure under dynamical conditions such as shear
or aging.Introduction
In foods, the structural characteristics of micro- and mesopo-
rous biopolymer networks underlie critical macroscopic
product functionalities, such as taste, mouthfeel, controlled
release and delivery characteristics, and water retention ca-
pacity and barrier properties. The key to understanding these
macroscopic functionalities lies in understanding how
biopolymer strands and globules form networks by aggrega-
tion, crosslinking and/or entanglement (Loren, Nyden, &
Hermansson, 2009; Ross-Murphy, 1995; van der Sman &
van der Goot, 2009). Analytical methods that can be used to
characterize biopolymer network sub-micron structures can
help us to unravel these complicated structure-function rela-
tionships. From the food manufacturing perspective, it is
important to design and control structures at short length
scales and here such methods are indispensable to predict
product functionality. Although direct visualization of
biopolymer networks canbe providedby electronmicroscopy
techniques, these methods suffer from several shortcomings.
Sample preparation methods are invasive and likely to influ-
ence network properties. Moreover, careful image analysis
is necessary in order to quantify structural descriptors and dy-
namic events in time cannot be studied on the same sample.
Imaging techniques that provide nanometer resolution gener-
ally cover only a small field of view, which compromises
representative assessment of heterogenous systems.
Over the last years, we have witnessed the advent of
‘nanoparticle diffusometry’, an analytical method in which
nanoparticles are used as “probes” that move through the
biopolymer matrix by molecular self-diffusion (Brownian
motion). Nanoparticles have diameters that are smaller,
but of the same order of magnitude as the mesh size of
the biopolymer network. Therefore, self-diffusion ofcess article under the CC BY-NC-SA license (http://creativecommons.org/
14 D.W. de Kort et al. / Trends in Food Science & Technology 42 (2015) 13e26nanoparticles through the network is hindered by the pres-
ence of the biopolymer fibers or chains, but the nanopar-
ticles are not immobilized, as larger (micron-size)
particles would be. Hindered self-diffusive behavior of
nanoparticles can be used to quantitatively infer submicron
structural descriptors, such as mesh size or polymer strand
thickness, by using models that describe nanoparticle self-
diffusion in obstructing networks. Only nanoparticles that
have no specific chemical interactions with the matrix are
used, and nanoparticles are dispersed or dissolved at the
lowest possible concentration at which their self-diffusion
can be experimentally detected. Self-diffusional behavior
of small organic molecules or water molecules is generally
not significantly affected by biopolymer networks, which
are very open compared to the sizes of such small mole-
cules (Gottwald, Creamer, Hubbard, & Callaghan, 2005;
Mariette, Topgaard, J€onsson, & S€oderman, 2002). BesidesTable 1. Three cases for nanoparticle diffusion: (A) Simple viscous liquids,
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effective barriers against those specific (bio)molecules,
where measurement of self-diffusion coefficients is a direct
measure of barrier functionality, unlike microscopic im-
ages, which only provide an indirect assessment. These
studies, however, do not aim at quantitatively deriving the
underlying structural network descriptors through physical
models of diffusion of nanoparticles that are designed not
to have specific interactions with the network. Also
different from nanoparticle diffusometry is microrheology,
where micron-size colloidal particles are used to locally
probe elastic properties of the network. Micron-size parti-
cles locally probe macroscopic material properties because
their size is much larger than mesoscopic structural fea-
tures. Therefore, the particles diffuse in an effectively ho-
mogenous medium. In microrheology, the time-dependent
mean square particle displacement hr2ðtÞi due to diffusion
is recorded to derive the frequency-dependent complex
visco-elastic modulus (G0, G00) via the generalized Sto-
keseEinstein equation (Mason & Weitz, 1995). Micro-
rheology applications in food gels and emulsions mostly
rely on particle tracking and diffusing wave spectroscopy
(Moschakis, 2013).
Nanoparticle diffusometry has already been used to
characterize the microstructures of polysaccharide and pro-
tein networks. Examples include kappa-carrageenan, galac-
tomannan, alginate, whey and casein systems. For these
systems, parameters such as polymer strand radii, mesh
sizes and protein aggregate voluminosities were derived
(for references: Table 3). Here, we will review a range ofTable 2. Models for diffusion of spherical nanoparticles in rigid polymer g
models assume non-sticky nanoparticles. Meaning of the symbols: rs is th
polymer volume fraction. The model by Cukier et al. (Cukier, 1984) has n
diffusants in semidilute polymer solutions, but to break down for larger di
1958) has been criticized for lack of agreement to experimental data, w
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depending on the flexibility of the polymnanoparticle diffusometry applications in food science.
We will also review relevant models, instrumental methods
and physico-chemical properties of various nanoparticles.
We will extract principles and examples from literature
directly related to foods. Yet unexploited opportunities for
foods will be illustrated by recent examples from adjacent
fields, which also rely on structural characterization of
(bio)polymer networks. We will finalize with perspectives
and trends in nanoparticle diffusometry.
Models for nanoparticle diffusion in biopolymer
networks
As opposed to the use of diffusometry to assess barrier
functionality towards specific (bio)molecules, quantitative
nanoparticle diffusometry is a model-based approach to
material characterization, aimed at obtaining quantitative
network parameters. Models for particle diffusion in poly-
mer sols and gels build on established relationships
describing Brownian motion in simple liquids, where the
diffusion coefficient follows from the EinsteineSmolu-
chowski relation Df ¼ kbT, where D is the self-diffusion co-
efficient (m2 s1), f is the drag coefficient (kg s1), kb is the
Boltzmann constant and T is temperature (K). For spherical
particles in a simple liquid, the magnitude of the drag coef-
ficient f is given by Stokes’ law f ¼ 6phr, where h is the
dynamic viscosity (Pa s) and r is the hydrodynamic particle
radius (m). Combining these equations gives the Sto-
keseEinstein relationship D ¼ kbT/6phr for the diffusion
coefficient of spherical particles in simple liquids. In this
case the nanoparticle displacement probability distributionels that can be used to derive quantitative network descriptors. All
e solute (particle) radius, rf is the polymer fiber radius and 4 is the
ot been listed since it has been shown to be valid mainly for small
ffusants (Masaro & Zhu, 1999). The model by Ogston et al. (Ogston,
hich mainly show a Gaussian dependence of diffusivity on particle
(1998b). Copyright 1998, American Chemical Society.
Class References
obstruction effect (Ogston, 1958)
obstruction effect (Tsai & Strieder, 1986)
obstruction effect (Speedy, 1987)
obstruction effect (Johansson, Skantze, &
Loefroth, 1991)
¼ 0:31r2f 41:17 obstruction effect
and hydrodynamics















Table 3. Overview of instrumental methods relevant for nanoparticle diffusometry. Indicated are the time and length scales of self-diffusion that
are covered by the various methods, the demands that methods impose on nanoparticles and strength and weaknesses of the various methods.
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average propagator) is Gaussian at all time scales and the
mean-square particle displacement increases linearly with
time (“Fickian” diffusion) (Table 1, case A).
For simple liquids the drag coefficient is determined by
hydrodynamic interactions of the particle with solvent and
solutes. For the more complex case of self-diffusion in sols
of flexible and semiflexible polymers (Table 1, case B), the
van Hove self-correlation function is Gaussian if the move-
ment of the polymer chains is fast with respect to particle
mobility. A non-Gaussian van Hove self-correlation func-
tion has only been observed in solutions of semiflexible
F-actin filaments at the millisecond time scale (Valentine
et al., 2001), suggesting that observation of a non-
Gaussian van Hove self-correlation function is related to
both the observation window and the time scale of polymer
dynamics. In flexible and semiflexible polymer solutions,
diffusion is Fickian only if the particles are much smaller
than the structural length scales in the network, but not if
the nanoparticle size is comparable to or larger than the
structural length scale of the network (Brochard Wyart &
De Gennes, 2000). Although progress has been made in
the conceptual description of time-dependent nanoparticle
diffusion in flexible polymer networks (Cai et al., 2011),
these effects relate to (passive) microrheology and therefore
fall outside the scope of this review. Here, we will focus on
particle diffusion in rigid/fibrous networks (e.g. gels) where
the ensemble-average propagator can be non-Gaussian andtime-dependent, depending on network heterogeneity
(Table 1, case C). In these systems, the van Hove self-
correlation function can be non-Gaussian due to confine-
ment of the nanoparticles within the micro- or mesoporous
network, or due to heterogeneity (i.e. a large distribution of
pore sizes) (Valentine et al., 2001). If the nanoparticles are
not confined and the pore size distribution is finite (i.e. the
material is not “fractal” at all length scales) the propagator
will always be Gaussian at long time scales (Netz &
Dorfm€uller, 1995; B. Wang et al., 2012). In this case, the
observed diffusion coefficient will be lower than in pure
solvent and from this decrease, structural information about
the network can be derived through physical models of
diffusion in gels.
Two methodological approaches for probing biopolymer
gels can be distinguished based on the characteristics of
diffusional nanoparticles used. Nanoparticles can be either
flexible and deformable when constrained to small volumes,
or rigid and spherical. Models for both cases will be dis-
cussed in the following. For both types of nanoparticles,
physico-chemical interactions between network and nano-
particles are not accounted for in diffusion models; In case
of attractive interactions between particles and network,
diffusion coefficients have been shown to be lower than pre-
dicted from physical models of diffusion (E. Schuster,
Hermansson, €Ohgren, Rudemo, & Loren, 2014). Hence,
for practical applications, nanoparticles need to be selected
to be “non-sticky” with regard to the network.
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Most applications of quantitative nanoparticle diffusome-
try use flexible polymers as diffusional probes. Flexible par-
ticles include dextran, a branched polysaccharide, and
polyethylene glycol (PEG), a linear polymer. These polymers
are random coils in dilute solutions, but deform in more
crowded environments. The power law DfMaw gives the
dependency of the diffusion coefficient of polymer chains
in solution on their molecular weight Mw. The magnitude
of a depends on the characteristics of the environment
through which polymers diffuse. According to the Zimm
model for diffusion of randomly coiled polymer chains in
dilute solution, diffusion coefficients are inversely propor-
tional to the size of the coil: D f R1. Flory predicted that
MawfR
5=3 (fractal dimension 5/3) for swollen linear chains
in dilute solution. It follows that a equals 3/5 in dilute
solution. In crowded environments, de Gennes predicted
reptation-like diffusion of polymer chains (i.e. snake-like
movement), for which a equals 2 (Rubinstein & Colby,
2003). In reality, a often falls in-between these two situa-
tions, which could correspond to an incomplete deformation
of chains into, for example, an ellipsoid shape (Fig. 1) (Favre,
Leonard, Laurent, & Dellacherie, 2001). The molecular-
weight dependency of diffusion coefficients of linear poly-
mers can, therefore, give an estimate of the mesh size of
the network. In case the polymer coil size surpasses the
network mesh size, a shifts to more negative values.
We note that the term mesh size is poorly defined in most
of the literature cited here. The definition depends fully on
the context and the assumed structural model of the gel.
Generally, the term seems to be used to describe a measure
of the average distance between polymer strands or fibers,
analogous to the correlation length in semidilute polymer
solutions as defined by de Gennes (De Gennes, 1979).
Sometimes, it is used to describe an average pore size, or
another structural-model dependent length scale that canFig. 1. The dependency of the diffusion coefficient D of a flexible
nanoparticle (a polymer chain) on its molecular weight Mw changes
according to the power law DfMaw, where the magnitude a depends
on the degree of crowding. In one limit, nanoparticles are random
coils in dilute solution (a ¼ 3/5). Nanoparticles begin to deform
when the mesh size x is of the same order as the radius of gyration
of the nanoparticle polymer coil. When x is much smaller than the
radius of gyration of the free polymer coil, unfolded chains must re-
ptate through the crowded network (a ¼ 2). Reproduced from
Favre et al. (2001), Copyright 2001, with permission from Elsevier.be used to describe the polymer network morphology as
for example the particle-accessible volume term proposed
by Babu et al. (Babu, Gimel, & Nicolai, 2008).
Diffusion models for rigid, spherical nanoparticles
There is a large body of literature describing diffusion of
rigid and spherical nanoparticles through polymer net-
works. Various rigid and spherical nanoparticles have
been used, ranging from proteins (Silva, Peixoto, Lortal,
& Floury, 2013) to solid gold colloidal nanoparticles
(Kohli & Mukhopadhyay, 2012). A recently introduced
class of spherical nanoparticles are dendrimers: macromol-
ecules consisting of successive branched repeating units,
which extend radially outward in up to w10 consecutive
layers or “generations”, leading to particle diameters in
the 100 nm range. Dendrimers are essentially monodis-
perse, because of controlled stepwise size increments dur-
ing synthesis (Cheng, Prud’homme, & Thomas, 2002).
In order for the nanoparticles to be non-sticky with
respect to biopolymer networks, they have to be charge-
neutral and free of any chemical groups that can engage
in strong specific or nonspecific interactions with the
network. PEGylation of organic particles such as den-
drimers is most often used for this purpose. Other water-
soluble, charge-neutral coatings, such as poly(vinyl
alcohol) (PVA) and dextran, have been described (A. K.
Gupta & Gupta, 2005), but have not been applied yet as
coatings for diffusional nanoparticles.
The degree of rigidity of nanoparticles can be expressed
by their fractal dimension n, defined by MwfR
n, where R is
nanoparticle size. Fractal dimension of a nanoparticle class
can be used as a proxy for their conformation. For solid
spheres, n equals 3; for ideal chain random polymer coils,
n equals 2. For dextrans e slightly branched polysaccha-
rides with an expanded conformation e n equals 2.3. Den-
drimer fractal dimensions fall in-between 2.3 and 3 (Cheng
et al., 2002).
There are many physical models that describe the diffu-
sion of rigid and spherical nanoparticles in polymer net-
works as a function of structural parameters, such as
nanoparticle radius, polymer volume fraction and polymer
strand radius. Masaro and Zhu have reviewed different
modeling approaches (Masaro & Zhu, 1999). In another re-
view, Amsden validated models against literature data and
presented a list of models that could be reconciled with
most experimental data (Amsden, 1998b). Those models
that allow the derivation of structural descriptors of poly-
mer networks have been included in Table 2. Predicted
diffusion coefficients should be interpreted as long-time
diffusion coefficients. All models are based on the
“obstruction effect”; some also include hydrodynamic argu-
ments and generally apply only to rigid networks.
Obstruction effect models rely on the notion that the vol-
ume occupied by the rigid polymer network is inaccessible
to the diffusing species, leading to an increased path length
between two points in the system (Fig. 2).
Fig. 2. Illustration of the obstruction effect (tortuosity) in a rigid/fibrous
network. Black, dashed lines indicate polymer strands. Gray, dotted
lines indicate diffusion trajectories. The smallest (nano)particles can
diffuse nearly freely between two points in the system, whereas
intermediate-size particles have to diffuse around the barriers to reach
the same end-point. The largest particles are trapped. Cf. Table 2 for
obstruction-effect models for diffusion in rigid/fibrous polymer
networks.
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efficient at long time scales, with respect to the diffusion
coefficient in solvent. The factor with which the diffusion
coefficient is reduced is often reported as the tortuosity
(L. M. Sanders & Hendren, 1997). In a system with the
same mesh size, larger particles will experience a larger
obstruction effect than smaller particles. The approach
can be used only when the presumption of a motionless
network holds, and is therefore particularly useful in
rigid/fibrous networks (Ogston, 1958). Besides this,
obstruction models obviously break down if diffusants are
too large, so that hydrodynamic drag with polymers in-
creases significantly or that diffusants are immobilized
through the “sieving” action of the polymer mesh
(Lauffer, 1961). The obstruction effect also lends itself to
be predicted as a function of any random structure using
Monte Carlo simulations (Babu et al., 2008; Kvarnstr€om,
Westergard, Loren, & Nyden, 2009). It can be seen in
Table 2 that obstruction-effect based models mainly predict
polymer strand radii. The combination of polymer strand
radius and polymer volume fraction can be used to estimate
a mesh size.
In polymer networks, not only the obstruction effect, but
also hydrodynamic drag forces play an important role in
determining particle dynamics, and therefore models based
purely on the obstruction effect are an oversimplification.
Consider a nanoparticle that has to pass through a narrow
pore: here, displacement of the constituent fluid is obvi-
ously more difficult than in bulk solution. Hydrodynamicapproaches aim to predict the magnitude of the drag coef-
ficient f in the EinsteineSmoluchowski equation. Hydrody-
namic models take into account the friction between
nanoparticles and polymers, between nanoparticles and
the solvent and between polymers and solvent.
Other forces present in colloidal systems such as electro-
static interactions and depletion forces (Asakura &
Oosawa, 1954) are generally ignored in diffusion models
for rigid/fibrous networks. The use of particles that are
not solvated can lead to slippage and a violation of no-
slip boundary conditions, and can compromise the validity
of hydrodynamical models.
Instrumental methods
In order to prevent perturbation of the biopolymer
network nanoparticles need to be dosed at low levels, typi-
cally at 0.1e1 % (w/w). These low levels impose demands
on the experimental method in terms of sensitivity. Further-
more, strong background signals of the matrix require
selectivity with which nanoparticle signals can be detected.
We will briefly discuss four suitable instrumental methods
that meet these demands: fluorescence recovery after pho-
tobleaching (FRAP) microscopy, fluorescence correlation
spectroscopy (FCS), single-particle tracking (SPT), and
pulsed-field gradient nuclear magnetic resonance (PFG
NMR) spectroscopy. An overview of these methods,
including the time and length scales that can be probed
and the required nanoparticle properties, can be found in
Table 3.
FRAP is a non-invasive method that can quantify the
apparent diffusion coefficient of fluorescent-labeled parti-
cles as well as the mobile and immobile fractions. A laser
is used to give a short, high-intensity pulse to irreversibly
bleach fluorescent labeled particles in a wmicrometer-
size spot in the sample. Subsequently, a time trace of the
in situ recovery of fluorescence is recorded, the recovery
being due to non-bleached fluorescent particles outside
the spot exchanging with bleached particles within the
bleached spot. FRAP in conjunction with confocal laser
scanning microscopy (CLSM) allows in situ selection of
the bleaching spot. Micromolar fluorescent particle concen-
trations already suffice. Using models that account for the
outflux of bleached probes and the influx of fluorescent
probes, a diffusion coefficient can be extracted from image
series recorded during fluorescence recovery. The accuracy
of the FRAP method therefore ultimately depends on valid-
ity of the model used (Axelrod et al., 1976; Braeckmans
et al., 2003). A single diffusion coefficient can be deter-
mined to with a precision of w1%. In case of bimodal
diffusion, diffusion coefficients can be extracted with an er-
ror of w10% (P. J€onsson, Jonsson, Tegenfeldt, & H€o€ok,
2008).
FCS uses a confocal laser microscopy setup to monitor
the fluctuations of fluorescence due to diffusion of fluores-
cently labeled particles inside a sub-micrometer confocal
volume (w1 mm3) (Rathgeber et al., 2009). Brownian
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confocal volume will lead to fluorescence intensity fluctua-
tions. From the fluorescence-intensity autocorrelation func-
tion, the particles’ diffusion coefficients ealso if the
diffusion is multi-modale or the time-dependent mean-
square displacements can be calculated (Koynov & Butt,
2012; Rathgeber et al., 2009). FCS is a highly sensitive
and selective technique that can be used on very small vol-
umes, but careful calibration is required, because the volume
of the laser focal point may vary depending on diffractive in-
dex. For imaging purposes, the method can be used in scan-
ning mode (sFCS) (Petrasek, Ries, & Schwille, 2010). FCS
is sensitive and can measure self-diffusion over a wide range
of observation times (107e102 s), but ideally the samples
should have a high degree of optical transparency. Like
FRAP, FCS requires tracers functionalized with a fluores-
cent dye. An analogous method is dynamic light scattering
(DLS), which measures the fluctuation of light that is scat-
tered by diffusing particles. Recent developments in extend-
ing the lower particle size limit of DLS (Takahashi, Kato, &
Kinugasa, 2011) are difficult to exploit due to background
scattering of other mobile species in the matrix, which com-
plicates the interpretation of correlation curves.
SPT provides a direct visualization of individual diffu-
sive trajectories of particles. So far, SPT has mainly been
used for microrheology experiments, in which the
micron-size tracer particles are visible under an optical mi-
croscope (Dickinson, 2011). Tracking of sub-micron parti-
cles, on the other hand, can be achieved by either detecting
scattered light (Filipe et al., 2010), or fluorescence
(Braeckmans et al., 2010; Mun et al., 2014). The observa-
tion of nanoparticles based on laser diffraction is only
possible in systems where no other scattering elements
are present. This is not a likely situation for most food sys-
tems, hence tracking of fluorescent particles is more prom-
ising for this purpose. The smallest fluorescent particles
that have been tracked were 50 nm in diameter. A sensitive
technique to detect motion of even smaller fluorescent par-
ticles is total internal reflection (TIRF), which has, howev-
er, a rather low sample penetration depth (Zareh, DeSantis,
Kessler, Li, & Wang, 2012). This may compromise repre-
sentative sampling of diffusive trajectories in heterogenous
systems and limit the time window of the method. SPT is
one of two methods discussed here that allow direct assess-
ment of the distribution of particle displacements in an
ensemble, the other one being PFG NMR. Most applica-
tions of SPT pertain to assessment of size, concentration
and functionality of nanoparticles; only few examples
have been given to probe local sub-micron network struc-
ture and dynamics (Mun et al., 2014). To our knowledge
no application has appeared to assess sub-micron food
structures.
PFG NMR is a method by which time-dependent dis-
placements of molecular ensembles can be determined
from the dephasing and rephasing of molecular spin
magnetization by pulsed magnetic field gradients. Theseexperiments can be implemented on any NMR spectrom-
eter equipped with a field gradient coil. PFG-based
methods are particularly powerful if it comes to nanopar-
ticle diffusometry in materials that are not optically trans-
parent: NMR uses radiofrequency waves, which also
penetrate optically non-transparent materials. The method
is therefore well suited for nanoparticle diffusometry in
optically non-transparent polysaccharide and protein
matrices.
Using PFG NMR, the time-dependent diffusion coeffi-
cient can be determined in the 100e103 ms range. By vary-
ing the observation time, the distance over which the
network is “probed” can therefore be changed (Callaghan,
2011). In an experiment in which nanoparticles with
different sizes (and hence, diffusion coefficients) are used
to probe a network, the diffusion time can be adjusted to
make sure that the mean-square displacement of different
particles is identical. More specifically, PFG NMR directly
detects the particles’ van Hove self-correlation function.
This means that multi-modal diffusion can be observed.
Although no information about individual particles is re-
tained, as is the case in SPT, the ensemble average of dis-
placements over all particles in the sample is obtained
(Callaghan, 2011). Only with PFG NMR, the diffusion of
the ensemble of nanoparticles in a sample can be observed
in a single experiment, which is a particular advantage for
probing heterogenous systems. Detection by NMR allows
for separation signals on the basis of chemical shift or
transverse relaxation time T2, which offers the opportunity
to resolve signals of nanoparticles and matrix (biopolymer
network, solvent, solutes) (Loren et al., 2009; de Kort, van
Duynhoven, Hoeben, Janssen, & Van As, 2014). The fre-
quency domain NMR experiment that separates molecular
components on the basis of chemical shift is termed “diffu-
sion-ordered spectroscopy” (DOSY), the time domain
experiment that separates components on the basis of T2
is termed “diffusionerelaxation correlation spectroscopy”
(DRCOSY) (Callaghan, 2011). Diffusion measurements
can also be performed in MRI (imaging) mode. This allows
the determination of local diffusion coefficients on the
micron scale, with a field of view of 10-2e101 m, depend-
ing on the setup. This is what makes PFG NMR a truly
multi-length-scale method. With an MRI setup, also the
anisotropic diffusion tensor can be resolved (Future Trends)
(Callaghan, 2011).
Applications in food science
In Table 4, a range of recent applications of nanoprobe
diffusometry in food biopolymer networks has been
collected. Early contributions introducing the concepts of
nanoparticle diffusometry in biopolymer networks stem
from the 80s. For example, Brown et al. used PFG NMR
to study self-diffusion of PEG nanoparticles in dextran so-
lutions, and of small molecules (ethylene glycol, crown
ether) in cellulose dispersions (Brown & Stilbs, 1983;
Brown, Stilbs, & Lindstr€om, 1984). The concept of
Table 4. Overview of applications of nanoparticle diffusometry in food related materials. The table includes systems studied, and instrumental methods and nanoparticles used. Also modeling
approaches are indicated, which can be either based on the obstruction effect (in case of rigid nanoparticles, cf. also Table 2) or on power laws (in case of flexible nanoparticles). It is also
indicated if a model-free interpretation was made, a new model was proposed or models were used that have not been discussed in this paper (because they do not model nanoparticle diffu-
sion in terms of structural network parameters).
Biopolymer network Instrumental method Nanoparticles (hydrodynamic




PEGa (Mw ¼ 0.2, 0.6, 1, 10 kDa) power-law, obstruction
effect
(Weng, Liang, Zhang, Zhang, & Xu, 2005)
Alginate release kinetics (see
(Favre et al., 2001)),
PFG NMRb
star-shaped (Mw ¼ 24 kDa) and
linear (Mw ¼ 80e750 kDa) PEG,
dendrimers (Rh ¼ 2e8 nm)
hydrodynamics modeling,
obstruction effect
(Baldursdottir, Kjøniksen, & Nystr€om, 2006;
Bernin et al., 2011; Favre et al., 2001)
Beta-lactoglobulin CLSMc FRAPd, PFG NMR fluorescent-labeled dextran
(Rh ¼ 5.5, 23 and 50 nm),
dextran (Rh ¼ 8, 11, 23 nm)
model-free interpretation (Balakrishnan, Nicolai, & Durand, 2012;
Croguennoc, Nicolai, Kuil, & Hollander, 2001)
Casein micelles and
caseinate
PFG NMR linear PEG (Mw ¼ 1e600 kDa),
dendrimers (Rh ¼ 2e6 nm)
obstruction effect, power law (Colsenet, Mariette, & S€oderman, 2006;
Colsenet, S€oderman, & Mariette, 2005a, 2005b;
Le Feunteun & Mariette, 2007, 2008a, 2008b,
Le Feunteun, Ouethrani, & Mariette, 2012;
Salami, Rondeau-Mouro, Barhoum, van
Duynhoven, & Mariette, 2014; Salami,
Rondeau-Mouro, van Duynhoven, & Mariette,
2013a, 2013b)
Curdlan PFG NMR PEG (Mw ¼ 1, 3 kDa), micelles
(Rh ¼ 41 nm)
models by Cukier (Cukier, 1984)
and Petit (Petit, Roux, Zhu, &
Macdonald, 1996)
(Kwak & Lafleur, 2003b)
Collagen (line-)FRAP FITC-dextran (Rh ¼ 20 nm) model for anisotropic diffusion
in aligned-fiber systems
(Stylianopoulos, Diop-Frimpong, Munn, &
Jain, 2010)
Dextran FRAP, PFG NMR fluorescein-labeled dextran
(Mw ¼ 40, 150 kDa), fluorescein-
labeled polystyrene spheres
(Rh ¼ 19 nm), and SPS, CPC,
and Triton X-100 micelles
(Rh ¼ 17, 29 53 nm)
discussion of hydrodynamic
models, scaling laws
(Furukawa, Arauz-Lara, & Ware, 1991; Kwak &
Lafleur, 2003a)
Gelatin CLSM FRAP FITCe-dextran (Rh ¼ 6 and 34 nm) model-free interpretation (Hagman, Loren, & Hermansson, 2010)
Guar galactomannan FRAP FITC-dextran (Mw ¼ 20, 40, 71 kDa),
dextran and dendrimers, Rh ¼ 1e20 nm
models by Cukier
(Cukier, 1984), Langevin
(Langevin & Rondelez, 1978)
and Altenberger (Altenberger,
Tirrell, & Dahler, 1986)
(Burke, Park, Srinivasarao, & Khan, 2000;
Cheng et al., 2002)
Kappa-carrageenan PFG NMR, CLSM FRAP PAMAM and PEGylated,19F-labeled
PPI dendrimers (Rh ¼ 2e8 nm),
FITC-dextran (10, 500 kDa)
model-free interpretation (Hagman, Loren, & Hermansson, 2012;
de Kort et al., 2014; Loren et al., 2009)
Konjac glucomannan FRAP FITC-dextran (Mw ¼ 77, 130,
511, 2000 kDa)
power law (Alvarez-Mance~nido et al., 2006)
Pig gastric mucin PFG NMR, DLSf linear PEG (Mw ¼ 1, 6, 59, 716 kDa),
polysorbate 80 (Rh ¼ 6 nm), polystyrene
beads (R ¼ 54 nm)
hydrodynamics, power law,
model-free interpretation
(Celli et al., 2005; Lafitte, S€oderman,
et al., 2007; Lafitte, Thuresson, et al., 2007)







































































































































































































































































































































































































































































































21D.W. de Kort et al. / Trends in Food Science & Technology 42 (2015) 13e26inferring information about the biopolymer network from
the diffusion of nanoparticles was introduced here, and sim-
ple obstruction effect-based models were used to describe
the data. At the time of these studies, however, models of
diffusion that included hydrodynamic interactions were
not available. Also, no conceptual distinction was made be-
tween diffusometry in solutions of flexible polymers and
rigid/fibrous networks or gels, which relates to the fact
that the microrheological experiment originated only a
decade later. The first steps toward the use of FRAP for
nanoparticle diffusometry stems from the early 90s; signif-
icant work includes that of Furukawa et al., describing
nanoparticle diffusion in dextran solutions, although this
study was not directly related to foods (Furukawa et al.,
1991). The work already includes a critical discussion of
the meaning of nanoparticle diffusometric data in polymer
solutions using reptation and hydrodynamic concepts.
One of the first applications in food biopolymer net-
works is an FRAP study on a guar galactomannan model
system using FITC-dextran complexes (Burke et al.,
2000). The interpretation of the diffusometric data related
to the crossover point between Zimm and reptation dy-
namics in dilute and concentrated polymer solutions,
respectively, as described e.g. by Nyden and S€oderman
(Nyden & S€oderman, 1998). Soon thereafter, Favre et al.
published the first PFG NMR study of PEG diffusion in
alginate gels, applying these concepts to diffusion of flex-
ible probes in dilute versus concentrated systems (Favre
et al., 2001). We have described this approach, which is still
current, in the section about diffusion models for flexible
nanoparticles. Over the following decade, many more
studies in both polysaccharide and protein systems would
follow, with the FRAP and PFG NMR methods as work-
horses. During this period, the diversity in nanoparticles
increased. In 2003, Kwak and Lafleur used spherical parti-
cles (micelles) for the first time for the characterization of a
biopolymer network by PFG NMR (Kwak & Lafleur,
2003b). The first foods-related diffusion study using den-
drimers would follow some years later in 2009 (Loren
et al., 2009). We will now describe the most important dif-
fusometry studies in polysaccharide and protein networks.
Characterization of polysaccharide networks
Baldursdottir studied the effect of photo-degradation of
alginate gels on diffusion of embedded PEG molecules
and was able to infer microstructural changes within the
gels from the changes in diffusive behavior of nanoparticles
(Baldursdottir et al., 2006). Bernin et al. characterized these
systems using a combination of transmission electron mi-
croscopy (TEM) and nanoparticle diffusometry. They
calculated alginate polymer-strand radii from the reduced
diffusion coefficient of dendrimer nanoparticles and vali-
dated this information against TEM micrographs. They
found that in some gels, a submicron network was present
that TEM was unable to visualize (Bernin et al., 2011).
Kappa-carrageenan gels have also been analyzed with the
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TEM, the effects of polymer concentration and different
salt conditions on microstructure were visualized. Not
only polymer density was found to affect nanoparticle
self-diffusion; particularly salt conditions led to interesting
submicron-scale changes in network heterogeneity, which
were reflected by changes in diffusion behavior of the nano-
particles. In some cases, bi-modal diffusion was observed,
tentatively due to the presence of two different micro-
domains within the gel morphology (de Kort et al., 2014;
Loren et al., 2009).Characterization of protein networks
Croguennoc and later Balakrishnan studied nanoparticle
diffusion during and after gelation of beta-lactoglobulin, a
globular protein that is the major component of whey,
and which can form gels through heating. These studies
showed that nanoparticles could be used to assess the ki-
netics of the gelation process, and the profound effects of
protein and salt concentrations on void sizes in resulting
gels, which was reflected by changes in nanoparticle diffu-
sion coefficients (Balakrishnan et al., 2012; Croguennoc
et al., 2001).
In order to see the effect of fiber alignment, aligned
collagen systems were studied using FITC-labeled dextran
molecules (Stylianopoulos et al., 2010). A model was
derived in order to understand the relationship between
collagen fiber radius and particle diffusion anisotropy. It
was concluded that material anisotropy could only be
observed with nanoparticles sufficiently large with respect
to the aligned-fiber radius. In this study, anisotropy was
indeed observed when the particle-fiber radius ratio was be-
tween 1 and 2, whereas in an earlier study in which the ratio
was 1, isotropic diffusion was observed.
Mariette et al. have intensively studied coagulation of
milk proteins into casein micelle gels using the nanoparticle
diffusometry approach. Their initial work focused on the
diffusion of flexible PEG molecules through the networks
(Colsenet, Mariette, et al., 2006; Colsenet, S€oderman, &
Mariette, 2005a, 2005b; Le Feunteun & Mariette, 2007;
2008a). More recently, dendrimer particles have been
used for the same purpose (Salami et al., 2014; Salami,
Rondeau-Mouro, van Duynhoven, & Mariette, 2013b). Le
Feunteun et al. deployed NMR diffusometry to continu-
ously monitor the changes in the structure during the coag-
ulation process itself (Le Feunteun & Mariette, 2008b). The
PEG-probe based approach was also used for the character-
ization of whey protein gels (Colsenet, S€oderman, et al.,
2006).
In a more recent approach, Le Feunteun et al. and
Salami et al. followed diffusion of casein proteins through
porous micellar aggregates. Diffusion was described by the
Speedy model for hard-sphere diffusion through voids in a
system of closely packed spheres. This way, the volumi-
nosity of the casein micelles could be derived (LeFeunteun et al., 2012; Salami, Rondeau-Mouro, van Duyn-
hoven, & Mariette, 2013a).
In very recent work, Floury and Silva have studied the
diffusion of solutes and nanoparticles through a model
cheese, based on ultra-filtrated milk. Understanding mass
transport in cheese is relevant, because diffusion of salt,
moisture and metabolites is very important for the final
quality of cheese. Particularly the diffusion of nanoscopic
particles in cheese had not yet been studied. This example
illustrates how the step from abstract model systems to
more complex and heterogenous systems is being taken
(Floury et al., 2012; Silva et al., 2013).
Future trends
From the food-related application areas of nanoparticle
diffusometry that have been explored in the last decade, it
has become clear that particularly rigid biopolymer net-
works (gels) that are structured on the submicron scale
lend themselves for characterization using nanoparticle dif-
fusometry. Using obstruction models it is possible to derive
quantitative structural parameters in a straightforward
manner, which is a considerable advantage over current
microscopic methods. We will now sketch some perspec-
tives for the characterization of rigid as well as flexible
polymer networks. We will also discuss the possibility to
use nanoparticle diffusometry to measure network anisot-
ropy and the scope of novel nanoparticle designs.
Shear-induced microstructural anisotropy
Since nanoparticle diffusion in rigid systems can be pre-
dicted from the obstruction effect, it should also be sensi-
tive to network anisotropy. For example, in systems of
aligned fibers, diffusion in the parallel direction should be
less hindered than in the orthogonal direction. Such effects
have been observed for nanoparticle diffusion in aligned
collagen fibers in cartilage by line-FRAP (Stylianopoulos
et al., 2010). Also SPT and PFG NMR/MRI should be
able to observe anisotropy, because these methods can be
used to observe diffusion in different orientations. The
approach should also work for shear-induced network
anisotropy in food systems. The approach can be combined
with in-situ rheological experiments in an MRI setup (rheo-
NMR) (Callaghan, 2011). Lutti and Callaghan showed that
it is possible to measure particle diffusion also under dy-
namic (shear) conditions by MRI (Lutti & Callaghan,
2006).
Design of functionalized nanoparticles
Obstruction models generally assume the diffusing spe-
cies to be rigid and spherical. In this light, dendrimers are
near-ideal diffusional nanoparticles because they have a
fractal index close to that of solid spheres and are essen-
tially monodisperse. Their size can be varied in several
discrete steps up to several nanometers. An additional
attractive feature is their well-defined number of end
groups, which in principle can be readily functionalized.
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charge) can be fine-tuned to specific applications, e.g. by
PEGylation in order to better satisfy the non-sticky condi-
tion. In case neutral particles are required, their charged
surface groups should be functionalized with neutral end
groups. For example, the commercially available poly(a-
mido amine) (PAMAM) and poly(propylene imine) (PPI)
dendrimers have primary amine end groups and can there-
fore carry charges (Boas, Christensen, & Heegaard, 2006).
Additionally, dendrimers can be functionalized with la-
bels, such as fluorescent dyes to allow detection by
FRAP, FCS and SPT. We recently reported a design of
(covalently) PEGylated, charge neutral, 19F-labeled PPI
dendrimers for (background-free) observation by PFG
NMR (de Kort et al., 2014). A limitation of dendrimers is
their limited size range (max. diameter w10 nm) and rela-
tively high cost. Bourouina et al. recently circumvented this
drawback by using complex coacervate (polyion) micelles
as a chassis for designing and manufacturing larger and
functionalized diffusional nanoparticles (Bourouina,
Cohen Stuart, & Kleijn, 2014).
Micron-scale heterogeneity
Obstruction-effect based modeling of diffusional
behavior of nanoparticles can yield quantitative network
descriptors in a straightforward manner. These models as-
sume that a single diffusion coefficient is found for the
diffusing species. Often, systems are not homogenous on
the micron-scale, meaning that on time scales at which
mean particle displacement is on the order of the length
scale of the heterogeneities, a spatial distribution of nano-
particle diffusion coefficients will be present. The spatial
distribution arises from the different microenvironments
through which the nanoparticles move. In the long run, if
nanoparticles can move between microenvironments, a sin-
gle, average “terminal” diffusion coefficient will be
observed (central limit theorem, cf. Table 1). The observa-
tion time at which the distribution of diffusion coefficients
disappears, and only a single nanoparticle diffusion coeffi-
cient remains, is therefore directly related to the size of the
heterogeneities in the structure. If no exchange between do-
mains is possible, increasing diffusion time will not lead to
a single diffusion coefficient, and the distribution in particle
displacements will be related to domain sizes.
Micron-size tracer particles have been used to assess het-
erogeneity of agarose (Valentine et al., 2001), acid milk
gels (Cucheval, Vincent, Hemar, Otter, & Williams, 2009)
and phase-separated systems (Dickinson, Murray, &
Moschakis, 2007). Nanoparticles have been used to observe
heterogeneity in kappa-carrageenan gels (de Kort et al.,
2014; Loren et al., 2009) Multi-modal diffusion can be
observed using PFG NMR, since this method measures
the ensemble-average propagator directly.
PFG NMR offers a broader perspective on gel heteroge-
neity, because the diffusion-observation time can be varied,
opening the opportunity to monitor the changes in diffusioncoefficients as a function time. This would allow investiga-
tion of the nature of the heterogeneities, that is, whether or
not exchange between the domains takes place, and deriva-
tion of structural parameters. Diffusionediffusion exchange
spectroscopy (DEXSY) allows a more direct assessment of
diffusive exchange between two nanoparticle populations
(Callaghan, 2011).
Despite its promise, we have not been able to find any
food science related studies that follow this approach,
possibly because of the limited time-observation window
of NMR (100e103 ms).
Changes in sub-micron structure under dynamical
conditions
Most diffusometric studies summarized in Table 4 focus
on the characterization of network microstructure under
static conditions. In casein systems, microstructural
changes have been studied under dynamical conditions.
Le Feunteun et al. have monitored the evolution of self-
diffusion coefficients of PEG as a function of pH during
acid coagulation, during chymosin-induced coagulation
and during combined acid-enzyme coagulation. PEG diffu-
sion revealed many of the structural changes occurring dur-
ing the coagulation process. The information obtained from
PEG diffusion was found to be highly complementary with
rheological data (Le Feunteun & Mariette, 2008a; 2008b).
Besides monitoring gelation processes, also other struc-
tural transitions, such as syneresis and retrogradation, can
be monitored in a time-dependent and non-invasive manner
at sub-micron scale.
Conclusion
In food science, nanoparticle diffusometry has been
mainly used for the characterization of heterogenous and
rigid polymer networks. The theoretical framework for in-
terpreting diffusion data is becoming more elaborate and
mature. Two different modeling approaches can be distin-
guished. (1) Models that predict the diffusion of rigid,
spherical nanoparticles through polymer gels. These
models are mainly based on the notion of the obstruction
effect and can be used to predict structural network descrip-
tors, such as mesh size and average polymer strand radii.
(2) Models that describe the diffusion of flexible nanopar-
ticles such as polymer chains in crowded systems, based
on arguments from polymer theory. These models assume
that the diffusion of nanoparticles changes from Zimm-
like to reptation-like, depending on the degree of crowding.
By varying the molecular weight of the nanoparticle, infor-
mation about the microstructure (mesh size) can be
obtained.
This review aimed at summarizing the theoretical frame-
work and methodological approaches for nanoparticle dif-
fusometry. The method is already being used to
characterize more advanced food matrices, such as model
cheeses (Silva et al., 2013) More exciting developments
are expected, such as functionalized nanoparticle designs.
24 D.W. de Kort et al. / Trends in Food Science & Technology 42 (2015) 13e26Furthermore we expect to see more work relating to the
observation of changing diffusion coefficients under
dynamical conditions, the observation of micron-scale het-
erogeneity from multi-modal diffusion of nanoparticles and
the observation of shear-induced network anisotropy.
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